The aim of the study was to explore the time-varying contribution of social cognitive determinants of smoking cessation following an intervention on cessation. Secondary analyses were performed on data from two comparable randomized controlled trials on brief smoking cessation interventions for cardiac in-and outpatients. Cox regression with time-varying covariates was applied to examine the predictive cognitions for smoking cessation over time. Both samples showed self-efficacy and intention-to-quit to be strong time-varying indicators of smoking cessation during the full 1-year follow-up period, and during the post-treatment phase in particular. Less consistently, time-varying cons of quitting and social influence were also found to be associated with smoking cessation, depending on the sample and type of intervention. Self-efficacy and intention-to-quit were the major covariates and positively related to smoking cessation over time among cardiac patients, in line with social-cognitive theories. Interestingly, both cognitive constructs appeared to act with some delay. Apparently, smoking cessation is a lengthy process in which the interplay between self-efficacy (and intention indirectly) and quitting behavior will largely determine long-term maintenance of abstinence. The presented time-varying analyses seem a valid and feasible way to underpin trajectories of cognitions in datasets with a limited number of time intervals.
Introduction
Social cognitive models in social psychology postulate that behavior is influenced by proximal cognitions regarding the specific behavior and by distal factors that may influence these cognitions [1] [2] [3] . Multiple studies have been performed to examine the predictive value of cognitions in health-related behaviors [4] [5] [6] [7] [8] [9] . However, literature indicated there are some issues that should be addressed for analysing predictors of health behavior. First, the before mentioned reviews and meta-analyses mostly rely on studies using variables measured at a single point in time to predict behavior change at some future end point and evidence exist for a fluctuating role of cognitions over time. Second, short-term predictions appear to be more accurate when compared with long-term predictions and finally, an influential role of past behavior in addition to cognitive factors of behavior has been argued.
Research has shown cognitions to vary over time. For example, multiple studies have been performed on the dynamic role of self-efficacy over time [10] [11] [12] [13] [14] . Thus, when applying a time-naive method, such as a long-term regression analysis, it is likely that critical information on variation in cognitions is lost.
Also, the length of follow-up between measurements of cognitions and subsequent measurement of behavior is held to be a limiting condition for prediction of health behavior [7, 15] . For example, theory of planned behavior (TPB) variables are most likely to predict behavior to the extent that they remain stable between the point at which they are measured and the point at which the behavior occurs and this should be less likely as the time interval increases [1] . The influence of cognitions on behavior may be quite temporary and not adequately captured by long time intervals. A recent meta-analysis on the prospective prediction of health-related behaviors with the TPB found the strength of the intention-behavior relation to be highly variable, depending on the length of follow-up. Explained variances found in studies on detection behavior varied from 9% over longer-term follow-ups to 31 .4% in shorter-term follow-up [7] .
Besides long-term time intervals, accounting for the effects of past behavior has proved a challenge for the TPB [16, 17] . Within the context of physical activity, for example, a meta-analysis found that past behavior contributed 19% variance to the prediction of physical activity over and above TPB variables [16] . In extreme cases, past behavior has been found to be the only significant predictor of prospective behavior [18] . Thus, there is no doubt that including a measure of past behavior improves the prediction of future behavior [8] .
To deal with the issues presented earlier, a time-varying analytical approach may be more suited because it includes all available information obtained in a study, including smoking status at several time assessments and shorter time periods can be analysed for a longer term period. Currently, available studies using time-varying analyses (ecological momentary assessment) controlling for smoking status are based on daily measures of covariates (such as cognitions) and outcome measures (such as smoking cessation, lapses and relapses) [11, 14] . Such studies are time-consuming and usually not feasible. Randomized controlled trials (RCTs) in the field of health promotion generally use no more than three follow-ups and commonly use intervals of multiple weeks to months [19] . To explore such datasets for time-varying predictors of behavior, analytical techniques are required that analyse the working mechanism of trials and account for time variations [20] . For these purposes, Cox regression analyses with time-varying covariates have several advantages. First, it does not require a normally distributed dependent variable and can therefore be applied to binary data (such as smoking cessation). Second, it is a multivariate technique and the covariates can be either continuous or categorical. Third, it can deal with censored data, i.e. a case is censored if an event of interest is not recorded. Thus, it can account for the probability that a person may never reach smoking abstinence. Fourth, the analysis can be modified to handle recurring events. This means that a person can quit and relapse several times before reaching smoking abstinence. And finally, time-varying covariates can be included [21] .
This study performs a secondary analysis of data on comparable, behavioral (combined with pharmaceutical) interventions aimed at smoking cessation among cardiac outpatients [22] and inpatients [23] . A previously published multilevel analysis of the data from the first trial on cardiac outpatients examined the development of the cognitions attitude (both pros and cons), social support, intention-toquit and self-efficacy over time as a result of the intervention [24] . The results showed that cognitions did change over time. Primarily, in the early phase of the interventions a positive cognitive change was observed. Subsequently, the scores decreased significantly at all following waves. Wiggers et al. [24] did not explore how these changes relate to the prediction of smoking status in a multivariate model. Therefore, the aim of this study is to analyse these cognitive predictors in time-varying analyses, using smoking status at multiple measurements as the dependent variable. The analyses were performed on two similar interventions, enabling a comparison of results. Multiple cognitions of the attitude-social influence-self efficacy-model (ASE-Model) [3] , now known as the I-Change Model [25] , were examined over time, as well as the contribution of past behavior at baseline, several other known predictors Time varying covariates of smoking cessation of abstinence such as baseline nicotine dependency and demographics.
Materials and methods
For this study, data were used from two RCTs, that are comparable with respect to population (cardiac patients), intervention (brief counseling with the minimal intervention strategy for cardiac patients [C-MIS]), follow-up length (12 months) and theoretical model (ASE-Model). This enabled a comparison of the time-varying analyses across two independent samples. Past behavior at baseline was measured by asking if the patient had ever experienced at least one quit attempt. The dependent variable in both studies was time to point prevalence abstinence (PPA), which was assessed by patients' self-report measures of not been smoking during the past 7 days [22, 23] .
Study 1: smoking cessation among cardiac outpatients [22] Participants and procedure
The sample consisted of 376 cardiac outpatients, randomized to the control group (n ¼ 188) or intervention group (n ¼ 188). All patients were offered free nicotine replacement therapy (NRT) for 8 weeks, accompanied with application instructions from the nurse practitioner. Control patients received usual care only, i.e. no additional motivational counseling or self-help materials. In the experimental group, patients were offered the behavioral intervention (C-MIS), consisting of 15-30 min of individual counseling by a nurse practitioner, self-help material and a follow-up telephone call by a nurse practitioner.
Measurements
Questionnaires were taken at five time assessments: baseline, and 1 week, 2 months, 6 months and 12 months after the intervention. Cognitive constructs were perceived positive (pros; T0; Cronbach's ¼ 0.81) and perceived negative consequences of quitting (cons; T0; Cronbach's ¼ 0.77), perceived social support (T0; Cronbach's ¼ 0.61), descriptive norm (T0; Cronbach's ¼ 0.45), intention to quit and self-efficacy expectations (T0; Cronbach's ¼ 0.94), according to the ASE-Model [3] . Pros of quitting refer to the possible gain smokers anticipated as a consequence of quitting smoking. Pros of quitting were measured at all five measurement occasions using 12 items with a four-point scale ranging from 'not at all' to 'a lot'. Pros of quitting can be divided in four clusters: long-term physical outcomes of quitting ('If I quit smoking, my risk of getting lung cancer decreases'), short-term physical outcomes ('If I quit smoking, my physical stamina will improve'), expected social consequences of quitting ('If I quit smoking, it will be less inconvenient for people in the social environment'), self-evaluative consequences of quitting: negative self-evaluation ('I regret when I have smoked a lot') and the reward of quitting ('If I quit smoking, I will be satisfied with myself') [24] .
The cons of quitting or pros of smoking construct refers to the possible gain smokers anticipated as a consequence of continued smoking. They were assessed at all 5 measurement occasions using 10 items with a four-point response scale ranging from 'not at all' to 'a lot'. This construct can be divided in two clusters: a gain of functions of smoking ('If I continue smoking, I won't gain weight') and prevention of withdrawal symptoms ('Smoking helps me to concentrate') [24] .
The social support or influence construct consists of two components: social stimulus and perceived behavior support or modeling. Only social stimulus to quit smoking from important others in the environment was assessed at all five measurement occasions using five items with a four-point response scale ranging from 'not at all' to 'a lot'. Important persons in this study were the partner, children, family members, friends and colleagues ('Does your partner stimulate you to quit smoking?') [24] .
Self-efficacy expectations were measured using 13 items at all five occasions. Twelve items referred to the ability to refrain from smoking in social, emotional and habitual situations ('Can you refrain R. Prenger et al.
from smoking when you are feeling angry?'). Another item was added 'Can you refrain from smoking when you are feeling physically well?' All items were answered on a five-point scale, ranging from 'not sure at all I can refrain from smoking' to 'very sure I can refrain from smoking' [24] .
Intention-to-quit was assessed by the stagesof-change algorithm (Transtheoretical Model [26] ). Patients were asked to score the quitting plan that was the most similar to their own: 'Are you planning to quit smoking within: (i) I have already quit; (ii) the next month; (iii) the next 6 months, not within the next month; (iv) the next 12 months, not within 6 months; (v) the next 5 years, not within 12 months; (vi) not planning to quit ever, but planning to cut down cigarettes; (vii) not planning to quit ever and not planning to cut down on cigarettes' [24] . According to this measure, only patients who smoke can vary in intention score, whereas quitters were automatically assigned the highest possible score. Therefore, only intention to quit was included as baseline (not time varying) factor in the analyses. The social support construct consisted of two components: social stimulus and descriptive norm. Only social stimulus to quit smoking from important others in the environment was assessed at all five time assessments and included for analyses.
Study 2: smoking cessation among cardiac inpatients [23, 27] Participants and procedure
The sample consisted of 789 cardiac inpatients from 11 Dutch hospitals of which 401 patients were assigned to the control group and 388 to the experimental group. Control patients received usual care, indicating that no systematic attention was given to smoking. The experimental group received the C-MIS, which consisted of stop-smoking advice by the cardiologist, followed by 15-30 min of standardized bedside individual counseling and the provision of self-help materials by the ward nurse, and aftercare by the cardiologist at the hospital control visit after hospital discharge.
Questionnaires were taken at three time assessments: baseline, and 3 and 12 months after the start of the intervention. Cognitive variables were intention to quit, perceived positive (pros: T0, Cronbach's ¼ 0.85) and perceived negative consequences of quitting (cons: T0, Cronbach's ¼ 0.57), social support (T0: Cronbach's ¼ 0.84), descriptive norms (T0: Cronbach's ¼ 0.50) and self-efficacy expectations (T0: Cronbach's ¼ 0.93). Most cognitive factors were measured according to the ASE-Model [3, 5] . Pros of quitting was assessed by means of a subscale of 11 advantages of non-smoking, scored on four-point scale ranging from no (0) to very much (3) ('If I quit smoking, my risk of lung cancer will decline'). Cons of quitting were assessed by means of a subscale of four disadvantages of non-smoking, ranging from no (0) to very much (À3) ('If I quit smoking, I will gain weight'). Social influences from partners, children, relatives, cardiologists, friends, colleagues and ward nurses were assessed by measuring their perceived smoking behavior as well as their social support. Descriptive norms were scored on a three-point scale ranging from everybody smokes (À1) to no one smokes (1) ('Does your partner smoke?'). Social support was measured on seven-point-scales, ranging from much discouragement (À3) to much support (3) ('Do you experience support or discouragement from your partner toward non-smoking?'). Self-efficacy expectations were measured by eight items on seven-point scales, referring to how difficult smokers thought it would be to refrain from smoking in socially, emotionally and habitually addictive situations, ranging from very difficult (À3) to very easy (3) ('How easy or difficult do you find it to refrain from smoking in. . .') [28] .
Analyses
All subjects were included for analyses. Cox proportional hazard regression analysis with time-varying covariates was used to test the longitudinal relationship between potential predictors and smoking abstinence over the study period of 1 year using its Time varying covariates of smoking cessation predefined measurements at all follow-ups. This produces a dynamic survival model that reports hazard ratios, which are based on the combined follow-up data. A time-varying covariate is defined as any variable whose value for a given subject may differ over time [29] .
For the Cox regression analyses, survival libraries implemented in R packages were used (R foundation for statistical computing, 2009). Because data consisted of multiple observations per subject, the robust variance estimate was used to account for the repeated observations of each subject [30] . All variables were included in the models as main effects. Potential for collinearity problems between the observed covariates was assessed with bivariate correlation analyses using PASW Statistics 18. In case of collinearity (Pearson's r > 0.70), only the strongest covariate was included in the analysis.
A Cox model with time-varying covariates was estimated using PPA measures at all follow-up assessments. Using this method, multiple different time periods were analysed separately adjusted for the fact that the time periods within one patient are dependent [30] . Data were organized so that quit smoking at follow-up was predicted from the mean values of the social cognitive predictors of the preceding and current follow-up. The rationale for using mean values is that the exact time of smoking cessation in unclear, as the present analyses use predefined, commonly used follow-up periods. Time intervals were characterized by the start and endpoint from the measurement period. The outcome of interest is time to PPA, of which PPA is a dichotomous variable classifying subjects as abstainers or smokers.
The Cox regression model was built in several steps. First, univariate analyses of the separate social cognitive variables in relation to PPA were conducted to provide insight in its contribution to smoking abstinence and into the shape of each variable's survival function [proportional hazard (PH) assumption]. In the second step, interactions with time were tested for those factors for which the PH assumption indicated that hazard ratios could not assumed to be equal for the different time periods analysed. Significant interaction variables were left in the model (P < 0.05). For interpretation of the residual main effect, the interaction with time should be considered. All significant univariate factors were fit to the multivariate model, except for intention to quit, which was fit last to the model. A backward elimination procedure was used to delete covariates from the Cox regression models, which did not appear to contribute to the prediction of the outcome. These variables were eliminated individually until parameter estimates for all remaining variables were associated with P values of less than 0.05. Table I shows the baseline characteristics for the control and the experimental group in this RCT. No significant differences were found. PPA rates at 12 months were 12% for the control group and 17% for the experimental group, which was non-significant. More details on the sample were reported elsewhere [22] .
Results

Study 1: smoking cessation among cardiac outpatients
Time-varying analysis of smoking cessation Figure 1 shows the time-varying nature of four cognitive factors (pros and cons of quitting, social support, and self-efficacy) for smokers and abstainers at each time point separately. It represents the standardized z scores for all four cognitive factors at baseline, and 1 week, 2, 6 and 12 months after the intervention. No collinearity problems were detected for these data.
To capture all time periods in one model, Cox regression with time-varying covariates was fit to the data (n ¼ 376). First, all factors (mean values) were univariately tested using time-varying Cox regression models. (HR ¼ 1.33, 95% CI: 1.15-1.55), and educational level (HR ¼ 1.12, 95% CI: 1.00-1.26) were found significant when tested univariately. These factors were fitted to a multivariate time-varying Cox regression model. However, tests of the PH assumption indicated that hazard ratios could not be assumed to be equal for the different time periods analysed. The coefficient for the interaction is positive and highly statistically significant: The effect of self-efficacy increased with time. That is, initially, self-efficacy had a negative partial effect on smoking cessation (given by the self-efficacy coefficient, À0.90), which became progressively stronger with time at the rate of 0.79 per wave. This means the self-efficacy effect became only positive after the follow-up at 1 week after the intervention.
All significant univariate factors were fitted to the final time-varying model to be indicative for smoking cessation over time. Also, nicotine dependency was added to this model as this is a well established predictor of smoking cessation (Table II) . Overall, the explained variance was 16.4%. All factors added significantly to this final model (Wald test ¼ 131.8, df ¼ 7, P ¼ 0). Table III shows the baseline characteristics for the hospitalized smokers. Because of the randomization procedure, some differences were found in baseline characteristics between groups (Table III) . These differences did not affect the current analyses as these do not directly test for intervention effects. More details on the sample were reported elsewhere [23, 27] .
Study 2: smoking cessation among cardiac inpatients
PPA rates at 12-months follow-up were 30.9% within the control group and 42.3% within the experimental group. Bolman et al. found a significant intervention effect on PPA at 12 months according to the intention-to-treat procedure, as well as according to a complete-case analysis [27] . Figure 2 shows the cognitive development over time for smokers and quitters at each time point separately.
Collinearity analyses indicate high correlation between the cons of quitting and self-efficacy (Pearson's r > 0.70). Univariate analyses showed that self-efficacy was stronger related to smoking Time varying covariates of smoking cessation Table IV .
Discussion
Knowledge of the time-varying characteristics of motivational factors is important to understand the nature and importance of these motivational factors in understanding smoking behavior. This knowledge may contribute to improved treatment strategies for increasing smoking cessation. Therefore, time-varying motivational factors for smoking cessation were examined for two independent samples of smoking cardiac patients over a study period of 12 months. Changes in cognitions among cardiovascular patients following a behavioral smoking cessation intervention had already been shown in a previous study [24] . However, as Time varying covariates of smoking cessation in these analyses smoking cessation was not incorporated as dependent variable, no inferences about the relationship between the trajectory of cognitive predictors during the course of 1 year and abstinence at that time point can be made. Our time-varying analysis, on these same data suggests that the initial positive change in cognitions was only observed for the whole group and did not hold for those who were quit at baseline. The interaction with time for intention (Study 2) and self-efficacy (Study 1) showed a progressively stronger effect with time, with an initial negative partial effect on smoking cessation. Around the end of the intervention periods, in both studies, the coefficient became positive. Thus, our analyses suggest an increasing trajectory of self-efficacy (and intention-to quit for Study 2) for abstinent patients, but only after the initial treatment phase. This means that when patients are no longer supported by the intervention, both self-efficacy and intention to quit are particularly important constructs. This finding shows that cognitions may act upon intervention exposure by a delayed rate. However, it can be assumed that the observed increasing rate does partly reflect high self-efficacy of patients that had quit smoking at the first follow-up and remained quit over time. 
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Nonetheless, this implies intervention should pay more attention to sustaining high levels of both self-efficacy and intention to quit over time.
Results showed that those with higher self-efficacy scores were more prone to (have) quit smoking successfully during the study period. In Study 2, this interaction between time-varying self-efficacy and time was not found, which is probably due to the inclusion of time-varying intention (which was not fit to the model in Study 1). Intention-to-quit has been shown to be an influential variable in multiple behavioral models and an important predictor for smoking cessation among cardiac patients [31] and is suggested to serve as a mediator for other cognitions, including selfefficacy [1, 4] . Presumably, a time-varying effect of self-efficacy was incorporated in the effect of intention to quit, which is supported by the finding that self-efficacy univariately did explain a fairly large proportion of the variance in smoking status (18%), as by the finding that addition of intention to the multivariate model reduces the hazard ratio for self-efficacy. Furthermore, the strong role of self-efficacy in the behavior change process is in line with several theories of behavior change, as is confirmed in a recent meta-analysis examining the role of self-efficacy for smoking relapse [32] .
Some caution should be taken to make simple causal inferences based on the current analyses, though. In the Cox regression models, mean values between two successive measurements of each factor were calculated to examine its association with smoking cessation at the last of these two measurements. This implies that the time-varying covariates are partly based on a value that coincides with the assessment of the dependent variable. Consequently, it can be presumed that the covariates partly reflect a cross-sectional or post-quit measure. As such, these factors cannot be regarded as merely predictors of behavior, but also incorporate an effect of behavior. Nonetheless, our findings clearly illustrate that the trajectory of self-efficacy co-varies with changes in smoking abstinence in the course of 1-year follow-up. Multiple studies suggest the strong relation of post-quit measures of self-efficacy in contrast to a low explained variance due to pre-quit measures [32] . In other words, evidence exists for a reciprocal relation of cognitions and behavior. Moreover, this suggests self-efficacy to be a more valid cognition for making inferences on the longer term, in contrast to for example attitude. The latter appears to act rather independently and less sensitive to changes in smoking status.
In both datasets two measures of social influence, social support and descriptive norm, were included. These covariates did not consistently contribute to the models, though. In Study 2, among cardiac inpatients for both constructs a significant effect Time varying covariates of smoking cessation was found, which were not confirmed in Study 1. This may be due to differences between the provided interventions. In Study 1, both groups received NRT and one group additionally received the C-MIS counseling. Study 2 only delivered the C-MIS counseling to the experimental group. The provision of NRT may have interacted with these variables. Possibly less support from the environment is required to reach abstinence as withdrawal effects are mitigated by NRT usage. Another explanation might be that the cardiac inpatients (Study 2) received more social support due to the higher severity of their disease, compared with cardiac outpatients (Study 1) for which the need to quit is probably less urgent. Although most outcomes of this study are consistent with literature, this did not apply to pros of quitting. In the analyses, two different subscales were used: pros and cons of quitting. The pros of quitting construct was either not associated or (slightly) negatively associated with smoking cessation over time in the multivariate analyses, in contrast to the assumption that a more positive attitude is predictive of smoking cessation [33] . It could be that the pros of quitting may be a positively related baseline hazard for longer term behavior [34, 35] , but in a time-varying analysis appears to be less important and even negatively related to smoking cessation. In other words, a strong positive attitude helps people to engage in a behavioral change program committedly and as a result they may benefit more from the intervention than less motivated people. However, the positive attitude does not appear to protect against relapse directly. Presumably, this is partly due to abstinence experiences during follow-up. Ajzen [33] already suggested a feedback effect on antecedent variables in the TPB, such as that behavior experiences lead to changed cognitions. Thus, as someone quits smoking, he or she could, for example experience withdrawal effects and consequently adjusts the initial positive attitude toward quitting to a more negative one. Similarly, this feedback effect could explain the minimal role of previous quit attempts at baseline in the current analyses. Because of the time-varying inclusion of variables and smoking status, effects of past behavior were presumably reflected in these cognitions, mediating its hypothesized main effect suggested in previous studies [16, 33] .
A few limitations are noted here. First, the outcome measure applied in the current analyses in both studies was the self-reported PPA, lacking biochemical validation at all measurements. Wiggers et al. [22] showed a deviating percentage quitters of approximately 7% in both intervention groups, comparing self-reported and biochemically validated abstinence at 12 months follow-up. Although a deception rate of 7% can be considered as low [36] , this could explain some of the error variance in the presented models. A second limitation is that the reliability of the social influence and cons scales was not sufficient in Study 2. Because of high collinearity with self-efficacy, the cons construct was removed from analyses. However, for the descriptive norm scale in Study 2 and the social support scale in the Study 1, the low-scale reliability may have concealed effects of these constructs. Third, in Study 2, a significant minority was abstinent from smoking at baseline. Our results imply previous behavior is reflected in cognitive changes over time and a reciprocal relation is assumed for cognitions and behavior. Therefore, the abstinent minority may have influenced the results, although we minimized this influence by adding the baseline point prevalence to the multivariate Cox model. Finally, in the current analyses no distinction has been made between smokers and quitters regarding the measurements such as self-efficacy and intention. For both groups, the same questions were used regarding their self-efficacy and intention to quit and stay quit, respectively. Although the focus of this study was on the process of smoking cessation and we acknowledge the reciprocal relation between behavior and cognitions, a distinction between constructs measured among smokers or quitters could be relevant for more detailed interpretation of the results.
In summary, this study showed that the trajectory of smoking behavior following smoking cessation interventions co-varies with changes over time in cognitive predictors. Changes in self-efficacy and R. Prenger et al.
the intention-to-quit, assessed three to five times during 1 year, were the major direct indicators of smoking cessation over time in two samples, largely in line with social cognitive theories. Remarkably, both cognitions had a small negative effect during the intervention phase, but this turned into a positive effect in the post-treatment phase and which grew stronger towards the end of the follow-up period. Our findings stress the importance of reevaluating trajectories of cognitive factors during the process of smoking cessation, to enable interventions to be more responsive to changes in cognitions. The presented time-varying analytical technique seems suitable for revealing mechanisms of behavioral change trajectories, as it can rely on data from commonly used designs with a limited number of follow-ups, and controls for intermediate changes in behavioral outcomes.
